Abstract-Spoken responses produced by subjects during neuropsychological exams can provide diagnostic markers beyond exam performance. In particular, characteristics of the spoken language itself can discriminate between subject groups. We present results on the utility of such markers in discriminating between healthy elderly subjects and subjects with mild cognitive impairment (MCI). Given the audio and transcript of a spoken narrative recall task, a range of markers are automatically derived. These markers include speech features such as pause frequency and duration, and many linguistic complexity measures. We examine measures calculated from manually annotated time alignments (of the transcript with the audio) and syntactic parse trees, as well as the same measures calculated from automatic (forced) time alignments and automatic parses. We show statistically significant differences between clinical subject groups for a number of measures. These differences are largely preserved with automation. We then present classification results, and demonstrate a statistically significant improvement in the area under the ROC curve (AUC) when using automatic spoken language derived features in addition to the neuropsychological test scores. Our results indicate that using multiple, complementary measures can aid in automatic detection of MCI.
structured text. Recent research has examined a potential alternative clinical use of NLP for processing patient language samples to assess language development [3] , [4] or the impact of neurodegenerative impairments on speech and language [1] . In this paper, we present methods for automatically measuring speech characteristics and linguistic complexity of spoken language samples elicited during neuropsychological exams of elderly subjects, and examine the utility of these measures for discriminating between clinically defined groups.
Among the most important clinical research advances in brain aging in recent years has been a sharpening of focus to the earliest clinically detectable phases of incipient dementia, commonly known as mild cognitive impairment (MCI) [5] . It has been rapidly appreciated that "MCI" is a clinical syndrome that is heterogeneous in its presentation [6] as well as in its outcomes [7] , [8] . It has been shown that some people will reliably progress from MCI to dementia while others remain stable for years [8] , [9] . A minority return to normal cognitive function. The degree to which these variations are the result of differences in definitions (e.g., single domain versus multi-domain MCI), populations or assessment methods are active and critical areas of investigation [10] . They speak to the need for multiple standardized approaches to these key studies. For the current study, we use the Clinical Dementia Rating (CDR [11] , defined in Section II-A) to identify individuals with MCI. The CDR is assigned independently of the psychometric battery of exams investigated in this paper, and hence (importantly) provides an externally defined reference objective for evaluation.
MCI often goes undiagnosed. Clinicians in typical primary care practices find recognizing cognitive impairment at any stage challenging, failing to recognize or evaluate up to 50% of even later stage dementia [12] . Further, widely used screening tests such as the Mini-Mental State Examination (MMSE) do not reliably detect the relatively subtle impairment present in early MCI. Linguistic memory tests, such as word list and narrative recall, are more effective than the MMSE in detecting MCI, yet are still individually insufficient for adequate discrimination between healthy and impaired subjects. Because of this, a battery of examinations is typically used to improve psychometric classification. Yet the summary recall scores derived from these linguistic memory tests (total story units correctly recalled) disregard potentially useful information in the characteristics of the spoken language itself.
Previous work on the relationship between Alzheimer's disease and linguistic complexity demonstrates that low linguistic ability in early life has a strong association with cognitive impairment and Alzheimer's disease in later life [13] . In this paper, we examine a number of linguistic complexity measures [14] , [15] and pause statistics [16] to find early markers of Alzheimer's in later life. Measures derived from characteristics of the spoken language go beyond simply measuring fidelity to the narrative, thus providing key additional dimensions for improved diagnosis of impairment. These may be analyzed for many characteristics of speech and language that the papers cited above have shown to discriminate between healthy subjects and subjects with impairment.
The key contributions of this work are threefold. First, we examine a large set of spoken language measures derived from clinically elicited samples, and demonstrate that they can be useful for discriminating between healthy and MCI groups. Second, we demonstrate the utility of these measures for a much older group of subjects than has been shown in the previous literature, with average age near 90. Finally, we demonstrate that effective automation of measure extraction is possible when given transcript and audio, so that significant differences in feature means between healthy and MCI groups are preserved. These automatically derived features are shown to provide statistically significant improvements in classification between healthy and MCI groups over the test scores alone. This paper extends results from two earlier conference publications [1] , [2] by including a substantially larger set of subjects in the study-large enough to perform full classification trials-and by expanding the set of features that we investigate for this application. Overall, the results presented here are very promising for the use of automatically derived spoken language measures to augment the diagnostic utility of linguistic memory tests.
Working with samples taken from neuropsychological tests has several key benefits. First, methods will have direct clinical applicability, because they will apply to standard tests that are already in use in clinical settings. Second, to the extent that additional discriminative utility can be derived from the output of any particular neuropsychological test, the number of tests required for reliable screening will be reduced, leading to a better chance of widespread testing due to reduced demands on both clinicians and patients. Finally, the relatively constrained elicitation, focused on a fixed narrative, makes automation of marker extraction particularly feasible. The narrow and topic-focused use of language allows automatic extraction to be much more accurate for a large volume of subjects.
Most previous work on spoken language samples with such a population has focused on spontaneous conversational speech [14] [15] [16] , leading to questions about whether the same useful characteristics derived in the previous work would be present in the clinically elicited samples. The narrow topic focus and formal setting that lead us to expect easier automation may also lead us to expect less variation among subjects. As we shall demonstrate, however, the relative ease of automation does not come at the expense of the utility of the spoken language markers: there remain enough differences in the spoken language to provide markers of good discriminative utility.
Additionally, the above cited works have focused on elderly subjects, but with mean ages in the 60s to mid 70s, hence yielding little evidence of whether such spoken language measures will be of utility for subjects beyond the age of 80. With increases in life expectancy, this is a growing segment of the population, and one where the risk of MCI and dementia are at their highest. With substantial changes in speech and language associated with typical aging, it is a real question as to whether measures which have been shown to discriminate between healthy subjects and subjects with MCI or dementia will continue to discriminate at more advanced ages. As we show in this paper, differences in spoken language do provide markers of good discriminative utility for subjects well above the age of 80. Due to all of these considerations, we believe that use of spoken language markers to diagnose MCI is a compelling area for further research.
For many measures of speech characteristics and linguistic complexity, the nature of the annotation is critical-different conventions of structural or temporal annotation will likely yield different scores. We will thus spend the next section briefly detailing the annotation conventions that were used for this work. This is followed by a section describing measures to be derived from these annotations. Finally, we present empirical results on the samples of spoken narrative retellings.
II. DATA AND ANNOTATION CONVENTIONS

A. Subjects
The subjects in this study came from existing community cohort studies of brain aging at the Layton Aging & Alzheimer's Disease Center, an NIA-funded Alzheimer's center for research at Oregon Health & Science University (OHSU). The Layton Center defines MCI in two ways: 1) via the Clinical Dementia Rating (CDR) scale [11] and 2) via a psychometrically driven concept of degraded performance on a large set of neuropsychological tests. This paper is investigating speech produced during the neuropsychological tests that play a role in the latter definition of MCI. Thus, to provide an independent unconfounded reference objective for evaluation, our reference classification is based on the CDR scale, defined next. The CDR has been shown to have high expert inter-annotator reliability [17] , and, critically, is not deterministically derived from neuropsychological test results.
The CDR is assigned with access to information from clinical examinations, and is calculated by assigning scores for six cognitive categories: Memory; Orientation; Judgment and Problem Solving; Community Affairs; Home and Hobbies; and Personal Care. The score for each category is an assessment of impairment in that category, and can take one of five values: 0 (None); 0.5 (Questionable); 1 (Mild); 2 (Moderate); and 3 (Severe). The information that is used to provide the scores in each of these categories comes from clinical interviews with the subject and an informant, and a clinician-administered Neurobehavioral Cognitive Status Examination. To derive the CDR from these independently scored categories, the score of the Memory category is taken as primary. The CDR is if at least three of the remaining five categories also have a score of . Otherwise, the CDR is calculated by looking at the scores of categories with score other than . See [11] for specific details.
We collected audio recordings of 74 neuropsychological examinations administered at the Layton Center at OHSU. The two subject groups were: 1) those who were assigned a Clinical Dementia Rating (CDR) of 0 (healthy); and 2) those who were assigned a CDR of 0.5 (Mild Cognitive Impairment; MCI). 37 subjects were in the group (healthy); and 37 subjects are in the group (MCI). [18] ; the CERAD Word List Acquisition (A) and Recall (R) tests [19] ; the Wechsler Logical Memory (LM) I (immediate) and II (delayed) narrative recall tests [20] ; Category Fluency, Animals (A) and Vegetables (V); and Digit Span (WAIS-R) forward (F) and backward (B) [21] . Test IDs are given in the table for reference later in the paper.
The Wechsler Logical Memory I/II tests are the basis of our study on spoken language derived measures. The original narrative is a short, three-sentence story:
Anna Thompson of South Boston, employed as a cook in a school cafeteria, reported at the police station that she had been held up on State Street the night before and robbed of fifty-six dollars. She had four small children, the rent was due, and they had not eaten for two days. The police, touched by the woman's story, took up a collection for her.
Subjects are asked to re-tell this story immediately after it is told to them (LM I), as well as after approximately 30 minutes of unrelated activities (LM II). Each retelling is scored by assigning a point for 25 possible "story units," as defined in the scoring guidelines of the test. For example, using the word "cook" earns a point for one story unit; also the words "Thompson," "Boston," "school," "cafeteria," and "police" each count as story units, along with many other words and phrases, covering the entire short narrative. A subject's score for both the immediate and delayed retelling is the sum total of recalled story units for that retelling, as tallied by the examiner.
We transcribed each retelling and manually time-aligned the transcripts with the audio (see Section II-E). We also manually annotated syntactic parse trees according to the Penn Treebank annotation guidelines (see Section II-D). Algorithms for calculating linguistic complexity measures from parse trees were written to accept either manually annotated trees or trees output from an automatic parser. Similarly, algorithms for calculating speech measures, such as pause frequency and duration, were written to accept either manual or automatic time alignments. This is useful for a comparison of feature extraction from automatic and manual annotations.
C. Manual Transcriptions
Conversational speech and other types of spontaneous language do not tend to occur in clearly defined sentences. We followed the utterance segmentation rules outlined in the 2004 EARS Official Annotation Guidelines [22] for conversational speech, such as that found in the Switchboard corpus [23] . These guidelines differ substantially from the original Switchboard treebank guidelines from the 1999 release, which relied heavily on speech stream characteristics and imposed a 15-s cutoff for utterances. The 2004 guidelines were used for the most current LDC release of the Switchboard treebank. Briefly, utterances are separated based on whether 1) they contain a subject and a predicate, or 2) if they have no subject, they contain a predicate that is not coordinated with the previous predicate. The exception to this is embedded clauses, which were included within their matrix clauses.
In some cases, the speech was too fragmented to make such clear-cut distinctions. In these cases, we separated out each fragment if it did not clearly belong to the previous or following utterance. This was determined both by the semantic content of the utterances and whether there was a pause ( s) between the fragment and the surrounding speech. All transcription work was completed by one author, ensuring consistency across the different transcriptions.
For manual time-alignment of the transcript with the audio, we marked the start and end points of each word and pause in the speech stream. Manual transcriptions were also annotated to mark reparandums, a sequence of words that are aborted by the speaker then repaired within the same utterance; and parentheticals, an utterance within a narrative that is not part of the narrative itself. Parentheticals longer than one full utterance were considered to be outside of the narrative recall, and were not included in our analyses. We discuss these cases in further detail below. Additionally, we isolated only the narrative recall itself; conversational speech that occurred immediately before and immediately after the recall was disregarded.
D. Syntactic Annotation
For manual syntactic annotation of collected data, we followed the syntactic annotation conventions of the Penn Treebank [24] . This provides several key benefits. First, there is an extensive annotation guide that has been developed, not just for written but also for spoken language, so that consistent annotation was facilitated. Second, large out-of-domain corpora, in particular the 1 million words of syntactically annotated Switchboard telephone conversations, provide a good starting point for training domain-adapted parsing models. Finally, we can use multiple domains for evaluating the correlations between various linguistic complexity measures.
There are characteristics of Penn Treebank annotation that can impact linguistic complexity scoring. First, prenominal modifiers are typically grouped in a flat constituent with no internal structure. This annotation choice can result in very long noun phrases (NPs) which pose very little difficulty in terms of human processing performance, but can inflate complexity measures that measure deviation from right-branching structures, such as that of Yngve [25] , described in Section III-B. Second, in spoken language annotations, a reparandum is denoted with a special non-terminal category EDITED; and parentheticals are denoted with a special non-terminal category PRN. For this paper, these are treated as constituents.
E. Pause Annotations From Time Alignments
Given time alignments marking the start and end points of each word and pause in the speech stream, we can calculate pause measures. Background noises and non-speech sounds (coughing, tongue-clicks, etc.), were not marked, and were generally subsumed within the pause time-alignments. Interjections, such as "um," "uh," and "hmm," were transcribed; however, these were analyzed as filled pauses and so added to the total pause count and pause time. All pauses in the narrative recall greater than one second were included within our pause statistics.
Crosstalk between the interviewer and the subject occurred rarely, but in these cases we transcribed the subject only. This was also best for recognition purposes, as the subject was loudest in the speech stream due to microphone placement. Speech produced by the interviewer alone was marked as such, and not included in our analyses. These interjections are minimal, making up 1.06% of the time in our data. They consist of sounds of agreement ("mm-hmm," "yeah") and a reprompt ("Are there any other details you can think of?").
III. SPOKEN LANGUAGE DERIVED MEASURES
A. Approaches to Linguistic Complexity
There is no single agreed-upon measurement of linguistic complexity in the literature. A range of measures have been proposed, with different primary considerations driving the notion of complexity for each. Many measures focus on the order in which various constructions are acquired by children learning the syntax of their native language-later acquisitions being taken as higher complexity. Examples of this sort of complexity measure are: mean length of utterance (MLU), which is typically measured in morphemes [26] ; the Index of Productive Syntax [27] , a multi-point scale which has recently been automated for child-language transcript analysis [3] ; and Developmental Level [28] , a 7-point scale of complexity based on the presence of specific grammatical constructions.
For assessing adult language-the focus of the current study-approaches have relied upon the right-branching nature of English syntactic trees [25] , [29] , under the assumption that deviations from that correspond to more complexity in the language. Additionally, there are approaches focused on the memory demands imposed by "distance" between dependent words [30] , [31] . We next discuss in detail the particular linguistic complexity measures we employed in the study presented here, followed by other spoken language derived measures.
B. Yngve Scoring
The scoring approach taken in Yngve [25] is related to the size of a "first in/last out" (pushdown) stack at each word in a top-down, left-to-right parse derivation. To calculate the size of the stack at each word, we can use the following simple algorithm. At each node in the tree, score the branches from that node to each of its children, beginning with a score of zero at the rightmost child and continuing to the leftmost child, incrementing the score by one for each child. Hence, each rightmost branch in the tree of Fig. 1 (solid lines) is labeled with 0, the leftmost branch in all binary nodes is labeled with 1, and the leftmost branch in the ternary node is labeled with 2. Then the score for each word is the sum of the branch scores from the root of the tree to the word. Given the score for each word, we can then derive an overall complexity score by summing them or taking the maximum or mean. For this paper, we report mean scores for this and other word-based measures, since we have found these means to provide better performing scores than either total sum or maximum. For the tree in Fig. 1 , the maximum is 2, the total is 9 and the mean over 8 words is .
C. Frazier Scoring
Frazier [29] proposed an approach to scoring linguistic complexity that traces a path from a word up the tree until reaching either the root of the tree or the lowest node that is not the leftmost child of its parent (i.e., finding a sibling to its left). 1 For example, the tree in Fig. 1 is augmented with dotted arcs that trace a path from words up to the node specified by Frazier's approach. The first word has a path up to the root S node, while the second word just up to the VP, since the VP has an NP sibling to its left. The word is then scored, as in the Yngve measure, by summing the scores on the links along the path. Each non-terminal node in the path contributes a score of 1, except for sentence nodes and sentence-complement nodes, 2 which score 1.5 rather than 1. Thus, embedded clauses contribute more to the complexity measure than other embedded categories, as an explicit acknowledgment of sentence embeddings as a source of linguistic complexity.
As with the Yngve score, we can calculate the total and the mean of these word scores. For the example in Fig. 1 , the maximum is 2.5 and the total is 7.5, yielding a mean of .
D. Dependency Distance
Rather than examining the tree structure itself, one might also extract measures from lexical dependency structures. These dependencies can be derived from the tree using standard rules for establishing head children for constituents, originally attributed to Magerman [32] , to percolate lexical heads up the tree. Fig. 2 shows the dependency graph that results from this head percolation approach, where each link in the graph represents a dependency relation from the modifier to the head. For example, conventional head percolation rules specify the VP as the head of the S, so "was," as the head of the VP, is thus the lexical head of the entire sentence. The lexical heads of the other children of the S node are called modifiers of the head of the S node; thus, since "she" is the head of the subject NP, there is a dependency relation between "she" and "was."
Lin [30] argued for the use of this sort of dependency structure to measure the difficulty in processing, given the memory overhead of very long distance dependencies. Both Lin [30] and Gibson [31] showed that human performance on sentence processing tasks could be predicted with measures of this sort. While details may differ-e.g., how to measure distance, what counts as a dependency-we can make use of the general approach given Treebank style parses and head percolation, resulting in graphs of the sort in Fig. 2 . For the current paper, we count the distance between words for each dependency link. For Fig. 2 , there are 7 dependency links, a distance total of 11, and a mean of .
E. POS-Tag Sequence Cross Entropy
One possible approach for detecting rich syntactic structure is to look for infrequent or surprising combinations of parts-of-speech (POS). We can measure this over an utterance by building a simple bi-gram model over POS tags, then measuring the cross entropy of each utterance. 3 Given a bi-gram model over POS-tags, we can calculate the probability of the sequence as a whole. Let be the POS-tag of word in a sequence of words , and assume that is a special start symbol, and that is a special stop symbol. Then the probability of the POS-tag sequence is
The cross entropy is then calculated as (2) With this formulation, this boils down to the mean negative log probability of each tag given the previous tag. For this study, we derive POS-tags from the output of parsing.
We examine POS-tag cross entropy in two conditions, calculated using models derived just from the Switchboard treebank as well as models adapted to this domain. The details of domain adaptation are discussed in further detail in Section IV-A.
F. Alternative Tree Analyses
For the tree-based complexity metrics (Frazier and Yngve), we also investigated alternative implementations that make use of systematic transformations of the tree structure. None of these yielded much difference in our analysis versus the standard trees, but we mention them here for completeness.
One alternative was the left-corner transformation [33] of the tree from which the measures were calculated. In Roark et al. [2] , we presented results using either manually annotated trees or automatic parses to calculate the Yngve and Frazier measures after a left-corner transform had been applied to the tree. The patterns were very similar to those achieved without the transform; hence, the results are omitted in this paper.
We also calculated the Frazier and Yngve measures using only the embedded nodes within each tree, as a way to examine the effects of center-embedding, but this did not yield measures that showed statistically significant group differences; hence, the raw results are omitted in this paper.
Finally, we looked at the effects of removing disfluencies (EDITED nodes in the trees) and parentheticals (PRN). These did yield some interesting differences from the original trials. In particular, when removing these constituents, words per retelling shows statistically significant group differences in both the immediate and delayed retelling conditions, which is not the case when they are left in. Also, POS-tag cross entropy shows statistically significant group differences in all conditions using either domain-adapted models or non-adapted models. Only domain-adapted models yield statistically significant group differences using the standard structures. There are other minor differences, but not enough to warrant a detailed examination of this transform in this paper.
G. Idea Density
Another way to measure the complexity of a sentence using POS-tags is to look at the number of propositions expressed in the sentence. This is the metric of idea density (also known as propositional density or P-density) [13] , which is defined as the number of expressed propositions divided by the number of words. This provides a way to measure how many assertions a speaker is making. In this metric, propositions correspond to verbs, adjectives, adverbs, prepositions, and conjunctions. Nouns are not considered to be propositions, as the main verb and all its arguments count as one proposition. Calculation of P-density was performed using a modified version of the rules outlined in the Computerized Propositional Idea Density Rater (CPIDR) program [34] , adapted to the POS-tags used in the Penn Treebank.
H. Content Density
A related measure that we explored is the ratio of open-class words to closed-class words, which we term content density. An open word class is one in which an unlimited number of new words may be added and created, such as nouns and verbs; while closed word classes are fixed (relatively small) sets, such as prepositions. This is also stated as the distinction between content words and function words.
This metric is comparable to the P-density (idea density) metric, except that nouns are counted in addition to verbs. Content density is calculated over POS-tags, where open-class words are those with POS-tags corresponding to nouns, verbs, adjectives, adverbs, and symbols, i.e., those POS-tags beginning with NN, VB, JJ, RB, or SYM. The rest are considered closed-class words. 4 
I. Speech Duration Measures
In addition to measures derived from the syntactic structure of the utterances in the retelling, we derived measures from temporal aspects of the speech sample, such as number of pauses and total pause duration. We follow Singh et al. [16] in setting a 1-second minimum for counting silence as pause, and we also employ their definitions of the following speech-based measures. For these, words or phrases marked as EDITED (reparandum) or PRN (parenthetical comments) were included as standard words in the retelling. However, a set of pre-defined "filler" words were considered to be pause events instead of standard words. The list of filler words was um, uh, er, eh, hm, huh, duh . Speech measures included the following:
• The Pauses per Retelling measure is the total number of pauses per sample. 
IV. EXPERIMENTAL RESULTS
A. Parsing
For automatic parsing, we made use of the Charniak parser [35] . In this section, in order to evaluate parsing results under standard conditions, we present parse accuracy evaluation with the EDITED nodes removed [36] , though later results in Section IV-D and IV-E do not remove these nodes. Table II shows parsing accuracy 5 of our annotated retellings under two parsing model training conditions: 1) trained on approximately 1 million words of Switchboard (SWBD) corpus telephone conversations; and 2) using domain adaptation techniques starting from the SWBD Treebank. The SWBD out-of-domain system reaches quite respectable accuracies, and domain adaptation achieves a 3.5% absolute improvement over that.
For domain adaptation, we used MAP adaptation techniques [38] via cross-validation over the entire set of retellings. For each subject, we trained a model using the SWBD treebank as the out-of-domain training data, and the retellings of the other 73 subjects as in-domain training. For our parser, we used a count merging approach, with the in-domain counts scaled by 1000 relative to the out-of-domain counts. See Bacchiani et al. [38] for more information on stochastic grammar adaptation using these techniques.
B. Correlations
Our next set of experimental results present correlations between parse-tree derived measures. Table III shows results for four of our measures over both treebanks that we have been considering (Penn SWBD Treebank, and the Wechsler LM retellings) as well as for the Penn WSJ Treebank as a comparison point. The correlations along the diagonal are between the same measure when calculated from manually annotated trees and when calculated from automatic parses. 6 All other correlations are between measures derived from manual trees. All correlations are taken per utterance.
From this table, we can see that all of the measures derived from automatic parses have a high correlation with the manually derived measures, indicating that they may preserve any discriminative utility of these measures. Interestingly, simply calculating the number of nodes in the tree per word tends to correlate well with the Frazier score, while the dependency length tends to correlate well with the Yngve score. These two groups of syntactic measures seem to roughly correspond to those measuring depth of the tree (Frazier, tree nodes) versus those measuring the breadth of the tree (Yngve, dependency length). Notably, there seems to be a slightly lower correlation between manual and automatic annotations for the depth measures than for the breadth measures.
C. Forced Alignment for Pause Durations
Forced alignment uses an existing automatic speech recognition (ASR) system, and constrains it so that it can only recognize the (known) word sequence, with optional pauses be- tween each word. The output then contains the location in the speech signal of each word and pause event. Our baseline forced alignment system [39] has performance comparable to, or better than, the best systems reported in the literature, placing 91.5% of phoneme boundaries within 20 ms of manual boundaries on the TIMIT corpus. 7 For the current task, this baseline forced-alignment system was re-trained with two primary modifications. First, acoustic data from the current Wechsler LM corpus were used to train the system, in addition to data from several other corpora (TIMIT, OGI Stories, and OGI Portland Cellular), using a two-fold cross-validation procedure. Second, because of the different channel characteristics of the four corpora used in training the system, the standard feature set of 13 cepstral coefficients and their delta values was replaced by a set of spectral features. The spectral features included 26 values from the log power spectrum sampled along the Mel scale. Adaptive pre-emphasis was performed to remove the effects of spectral tilt, and this pre-emphasis value was included, along with total energy (in dB), for a total of 28 spectral features at each frame. The final feature set consisted of these 28 features and their delta values at the center frame, and these 28 features at frames 60, 30, 30, and 60 ms relative to the center frame, for a total of 168 feature values per frame.
Performance of the re-trained forced-alignment system was evaluated by measuring the difference in word boundaries obtained from manual annotation and from forced alignment. The baseline system from [39] placed 72.8% of word boundaries within 100 ms of manual boundaries on the MCI corpus. With the above domain adaptation techniques, the resulting system had average test-set performance of 84.0% of word boundaries placed within 100 ms of manual word boundaries on the MCI corpus. The remaining large error (16.0%) relative to other test sets indicates the sensitivity of even the re-trained system to background noise, including non-speech sounds and breath noise. The re-trained system tends to incorrectly assign small background noises, when surrounded by very long pauses, to speech events. While it is unknown to what degree these errors impact the significance of speech measures for MCI, improving performance of the forced-alignment system will be a subject of future research. The first measure to rely upon syntactic annotations is words per clause. 8 The number of clauses are calculated from the parses by counting the number of S nodes in the tree. 9 Normalizing the number of words by the number of clauses rather than the number of utterances (as in words per utterance) results in statistically significant differences between the groups for both LM I and LM II. This pattern is evident in both the automated and the manual results.
D. Group Differences
The other language measures are as described in Section III. The Frazier score per word, the number of tree nodes per word, and the P-density score per word do not show a significant -value on the LM retellings for either LM test.
The Yngve score per word and the dependency length per word show no significant difference on LM I retellings but a statistically significant difference on LM II. See Section V for a discussion of why differences should be expected between the immediate and delayed retellings.
The POS-tag cross entropy, when calculated using models adapted to this domain (Logical Memory tests)-denoted "POS cross entropy (LM)"-shows a statistically significant difference between groups for LM I. Without such domain adaptation-denoted "POS cross entropy (SW)" for Switchboard-we do not observe a statistically significant difference between groups. This is apparent in both the automatically and manually parsed/tagged data.
While P-Density did not show significant group differences, content density appears to be a particularly useful measure for discriminating between the two groups, with a statistically significant difference here for both LM tests. Given the relatively high quality of the automatic parses, most of the means and standard deviations are quite close, and almost all patterns derived from the manually parsed data are also true of the automatically parsed data.
For manual annotation, the Standardized Pause Rate for LM I and Total Phonation Time for LM I and LM II yield a significant difference between CDR 0 and CDR 0.5 subjects. For speech and pause annotation obtained from forced alignment, however, the Standardized Pause Rate, Phonation Rate, and Transformed Phonation Rate all show significant differences for LM I. Total Phonation Time is the only automatic measure that shows a significant difference for LM II.
It is not immediately clear why the forced-alignment system, which has only 84% agreement with manual annotation at large (100 ms) thresholds, yields significant differences for a larger number of speech measures than manual annotation. One possibility is that the long pauses that cause difficulty for the forcedalignment system are actually detrimental to the value of the measures, and "breaking up" these very long pauses, even if incorrectly, allows the measures to focus on the (hypothetically) more important shorter pauses. The relative contribution of short and long pauses to these measures, therefore, will be the topic of future work.
E. Classification Trials
We used SVMlight [40] to train support vector machine classifiers using a second-order polynomial kernel and default parameterizations for all trials reported here. Feature values were normalized to fall between 0 and 1 in each training set, by finding the maximum and minimum values for each feature in the training set; the same normalization function was then applied to the left-out pair. 10 The most common method for evaluating classifier quality is the Receiver Operating Characteristics (ROC) [41] , which plots the sensitivity (true positive rate) of the classifier versus 1 specificity (false positive rate) of the classifier as the classification threshold moves from the most positive threshold (everything true) to the most negative threshold (everything false). A random classifier would have a straight line connecting (0,0) to (1, 1) . The quality of the classifier is measured as the area under the ROC curve (AUC), also known as the Wilcoxon-Mann-Whitney statistic [42] , which is an estimate of the probability that a randomly chosen positive example would be ranked higher than a negative example by the classifier. Let be the score returned by a classifier for a test example . Note that the boolean value is 1 if and 0 otherwise. Then the AUC over a set of positive examples and negative examples is defined as (3) Confidence intervals can be defined for this statistic, allowing for meaningful comparison between classifiers. For the current results, we follow [42] and calculate the variance of the AUC, which we denote below for compactness, using the following formula:
We follow a leave-pair-out cross-validation method for calculating the AUC, which is a generalization of the leave-one-out method that is used for cost functions defined over pairs, such as the AUC [43] , [44] . Leave-pair-out cross-validation has been shown to provide an unbiased estimate of the error [43] . We use a brute force method to calculate the AUC in this fashion, training a separate classifier for each positive/negative pair, of which there are in the current case. In Table V , we present the AUC and standard deviation for classifiers using different feature sets. To be precise about which features were used in which trials, Table V shows feature and test ID numbers, which refer back to features and tests shown in Tables I and IV. The first three rows of Table V show results using just speech and language derived features, with no test scores. If we use all the automated speech and language derived features from Table IV, the classifier is seriously over-parameterized (row 1); hence, we selected just those features that showed significant group differences in Table IV . The language features thus selected are: words per clause, Yngve per word, dependency length per word, POS cross-entropy (from LM transcripts), and content density, all on Wechsler LM I and II transcripts. The speech features selected were standardized pause rate, total phonation time, phonation TABLE V  LEAVE-PAIR-OUT CLASSIFICATION RESULTS. SEE TABLES I AND IV FOR TEST AND FEATURE ID NUMBER REFERENCE rate, and transformed phonation rate, all on both LM I and II retellings. Restricting the classifier to just these features yields a significant improvement (row 2), and in fact restricting to just the significant language features was even better (row 3). Note, however, that this performance is not better than just using the Wechsler Logical Memory test scores (immediate and delayed) by themselves (row 4). Combining the features from rows 3 and 4 yield small improvements in classification (row 5), but not as much as combining scores from all of the tests reported in Table I (row 6). However, combining all test scores with automatically derived language features yields an additional 4% absolute improvement in AUC, and automatically derived speech features provide an additional 0.7%, for a total 4.5% improvement in AUC beyond what was achieved with test scores alone.
V. DISCUSSION AND FUTURE DIRECTIONS
The results presented in the last section demonstrate that NLP and speech processing techniques applied to clinically elicited spoken language samples can be used to automatically derive measures that may be useful for discriminating between healthy and MCI subjects. In addition, we see that different measures show different patterns when applied to these language samples, with some measures (Yngve, dependency length) showing differences on LM II but not LM I; and others (e.g., POS-tag cross entropy) showing complementary patterns. Given that LM I is an immediate recall test, hence presumably including more verbatim recall among healthy subjects than in the delayed LM II test, such complementary patterns are perhaps not surprising.
The differences in the significance of the Yngve score and dependency length between LM I and LM II seem to be caused by an increase in the average of those scores for unimpaired subjects and a decrease of those scores for impaired subjects across the two retellings. This follows the trend in number of words per retelling. We do not have a definitive explanation for this observed pattern, but it is an interesting signature of MCI.
Three markers that Singh et al. found to be significant were not significant in our study, namely Mean Duration of Pauses, Standardized Phonation Time, and Verbal Rate. These markers did not yield a significant difference in either manual or automated annotation. There were two markers that Singh et al. did not find significance for, but which they still thought contributed to discrimination between the two groups when combined with other markers. These two markers, Standardized Pause Rate and Phonation Rate, were significant by themselves in our study, particularly for the case of automated annotation. While language features achieved more statistically significant group differences, both feature sets contributed to the improvements in classifier performance presented in Section IV-E.
The differences in the significance of speech-based markers between the Singh et al. paper and this paper may be due to the large number of differences between the two studies, including the number of subjects, inclusion criteria for the two subject groups, test material (open-ended questions in the previous study and story retellings in our study), and measurement tools. Perhaps most notable is the difference in mean age of subjects: 61 for healthy and 68 for impaired in their study; 89 for healthy and 90 for impaired in this study. Also, their impaired subjects had been diagnosed as suffering from dementia. Our subjects were in a much earlier stage of cognitive decline characteristic of the MCI syndrome. The markers that were considered informative in both studies, despite these differences, are therefore of particular interest.
In summary, we have demonstrated an important clinical use for NLP and speech-based techniques, where automatic syntactic annotation provides sufficiently accurate parse trees for use in calculation of linguistic complexity measures, and forced alignment provides sufficiently accurate classification of speech and pause regions for use in speech-based measures. Different linguistic complexity measures appear to be measuring complementary characteristics of the retellings, yielding statistically significant differences from both immediate and delayed retellings. Classifiers making use of these features yielded significantly better ROC curve performance than those relying just on summary test scores.
There are quite a number of questions that we will continue to pursue. Most importantly, we will continue to examine this data, to try to determine what characteristics of the spoken language are leading to the unexpected patterns in the results. Eventually, longitudinal tracking of subjects may be the best application of such measures on clinically elicited spoken language samples.
